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Abstract: The global population is aging in an unprecedented manner and the challenges for im-
proving the lives of older adults are currently both a strong priority in the political and healthcare
arena. In this sense, preventive measures and telemedicine have the potential to play an important
role in improving the number of healthy years older adults may experience and virtual coaching is a
promising research area to support this process. This paper presents COLAEVA, an interactive web
application for older adult population clustering and evolution analysis. Its objective is to support
caregivers in the design, validation and refinement of coaching plans adapted to specific population
groups. COLAEVA enables coaching caregivers to interactively group similar older adults based on
preliminary assessment data, using AI features, and to evaluate the influence of coaching plans once
the final assessment is carried out for a baseline comparison. To evaluate COLAEVA, a usability test
was carried out with 9 test participants obtaining an average SUS score of 71.1. Moreover, COLAEVA
is available online to use and explore.
Keywords: semi-supervised clustering; visual analytics; coaching; interactive visualization
1. Introduction
Global life expectancy has increased by 5.5 years up to a total of 72 years between 2000
and 2016, and healthy life expectancy has increased by 4.8 years up to 63.3 years according
to the World Health Organization (WHO) [1]. Despite living longer, natural age-related
physiological decline combined with frequent comorbidities may still require that older
adults have some degree of support and monitoring. Furthermore, most older adults prefer
living in their own homes instead of residing in residential care, which does not guarantee
better outcomes than stay-at-home care [2]. This last point has fostered policies that pursue
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active and healthy aging, attempting to delay or completely avoid dependency, and allow
older adults to enjoy this stage of life as a healthy and independent individual.
Coaching is a form of counseling used to maximize personal potential, according to
the ECVision, funded by the European Commission [3]. The coaching strategy states the
plan of actions or guidelines. Optimal guidance is achievable when the coach is aware and
adaptable to the participant’s context, goals, and preferences. Coaching interventions for
older people to maintain healthier habits could prolong their independence and reduce
costs to the healthcare systems [3].
In this context, the H2020 Coach Assistant via Projected and Tangible Interface (CAP-
TAIN) Project is a research and innovation action that attempts to create a virtual coach
to support older adults living independently at home. Refs. [4–6] CAPTAIN aims to help
participants maintain their health and independence by delivering personalized coaching
plans that will guide them towards the successful achievement of these goals, as part of
their lifelong objectives. Further information regarding this point has been provided in
Appendix A.
This paper presents COLAEVA: CAPTAIN—older adult evolution analysis, developed
to assist caregivers, in the context of the CAPTAIN project, to manage virtual coaching of a
population of older adults, while providing personalized assistance, to:
(a) assess the effectiveness of personalized coaching plans
(b) identify missing aspects that require coaching in the population
(c) design specific coaching plans following a fair-comparison approach
(d) suggest coaching plans to new participants based on past experiences collected from
prior participants.
This study is based on the topics smart living, behavior understanding, pattern
analysis, machine learning, artificial intelligence, unsupervised classification, evolution
analysis and human-computer interfaces.
This paper describes COLAEVA, which is available online for use and experimen-
tation [7]. COLAEVA includes several linked interactive visualizations for non-technical
users as it is designed for formal caregivers, researchers and primary end-users (to refer
to COLAEVA end-users, we will use the term “user” throughout this study). We show
COLAEVA’s usefulness and workflow through a use case, presenting several preliminary
insights obtained after using the tool on a real and anonymized dataset collected during
the first half of the CAPTAIN Project. These preliminary results are not generalizable,
because of the data size. Therefore, in order to see how well COLAEVA addresses the
needs of these users in a useful way, we have conducted a usability test of the platform.
To our knowledge, this is the first time a tool of this kind is presented in the literature.
However, there are several recent studies in which clustering in older adults has been
found to be effective in studying different targets [8–11], proving clustering’s potential as
part of the COLAEVA feature. These studies, aside from not being in the same field, are
carried out on a specific database, and therefore they lack the characteristic of finding new
knowledge or searching for it with their own criteria, which is an aspect that we are able to
add through COLAEVA.
The remainder of the paper is organized as follows. In Section 2—COLAEVA Platform
we have provided a detailed explanation of the platform: the data processing of the various
databases used to guide the design as well as the graphical visualizations implemented
from two different points of view: (1) individually and (2) grouped into the final application.
Then, Section 3—Use Case presents an example of COLAEVA application. Section 4—
Usability Test analyses the usability of COLAEVA in order to determine how it is received
and in Section 5—Discussion we discuss the results obtained. In Section 6—Conclusions
we summarize our conclusions. Finally, in Section 7—Future Work we list the next steps.
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2. COLAEVA Platform
This section describes the COLAEVA platform, and it is structured following a bottom-
up approach, first introducing data processing, then the interactive charts and finally, the
visual analytics tool itself.
2.1. Data Processing
2.1.1. Data Pre-Processing
The dataset is the result of an observational pilot study conducted over five months
with an older adult cohort (n = 68) from 4 European pilot sites (Appendix A provides details
of the study protocol). To refer to these older adults, we will use the term “participants”
throughout this study. The dataset contains information to evaluate the participants’
activities and capabilities in the physical, nutritional, and cognitive coaching dimensions.
Social activities were also collected, but no social assessment was carried out, so the
relationship between social activities and assessment cannot currently be evaluated, though
it is possible to analyze whether social activities have led to an improvement in any other
coaching dimension.
This study contains two bodies of data. The first one includes those collected from the
caregiver-supervised assessment carried out at the beginning of the pilot period, and those
collected five months later, at the end of the pilot period, for all the coaching dimensions
(i.e., physical, cognitive, and nutritional). The purpose of the study and data collected is to
measure the evolution between the beginning and the end of the pilot period. It contains
the scores for several standard questionnaires for each domain:
• Physical: Fullerton Functional Fitness assessment [12–14]
• Cognitive: Montreal cognitive Assessment (MoCA) [15], Memory complaint scale ver-
sion A (MCS-A) [16], self-reported and Metacognitive Awareness Inventory (MAI) [17]
• Nutritional: Mini Nutritional Assessment (MNA mini) Nestle Nutrition, Vevey,
Switzerland [18].
The second body of data comes from the daily informal self-reported questionnaires
which aim to evaluate the amount and intensity of activities carried out by the participants,
regarding the three coaching dimensions.
This pilot study was carried out as part of the research work performed during the
H2020 project CAPTAIN, Grant Agreement Number 769830. All details regarding the
cohort and data collection are described in Appendix A.
2.1.2. Assessment Data
To estimate the condition of the participants at the beginning and the end of the
program, participants underwent several tests whose scores can be directly related to three
of the four main coaching dimensions of the program (Nutritional, Physical, Cognitive)
each of which are presented in Table 1.
Table 1. This table shows the results of the assessment carried out on the participants at the beginning
of the pilot period, giving the mean values and 95% confidence intervals of each observed variable.
Coaching Dimensions Variable Mean, (95% CI)
Physical
Chair Stand 12.5, (11.4, 13.6)
Arm Curl 16.54, (15.33, 17.75)
Two Minute Step 66.01, (59.93, 72.09)
Chair Sit and Reach
1 −5.29, (−8.21, −2.37)
2 −3.58, (−6.55, −0.61)
Back Scratch
1 −10.33, (−14.01, −6.65)
2 −9.34, (−12.62, −6.06)
Foot Up and Go 1 6.55, (6.13, 6.97)
2 6.11, (5.73, 6.49)
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Table 1. Cont.
Coaching Dimensions Variable Mean, (95% CI)
Cognitive
MoCA 25.46, (24.76, 26.16)
MSC-A 3.22, (2.68, 3.76)
MAI 6.16, (5.89, 6.43)
Nutritional MNA mini 4.23, (3.92, 4.54)
The variables “Chair Sit and Reach”, “Back Scratch” and “Foot Up and Go” have been tested two times (1, and 2
in Table 1). In COLAEVA, the best result has been used.
2.1.3. Daily Data
Table 2 presents the specific questions that each participant answered every day. These
questions are associated with the four coaching dimensions we followed in the study
(Nutritional, Physical, Cognitive and Social). The weights assigned in the table are the level
of importance given to each variable within its coaching dimension (if it is negative, the
impact it has is negative as well).
Table 2. Daily questionnaire.
Coaching
Dimensions Question Possible Answers Weights
Physical
How much light physical activity have you performed? *
None/Less than 1 h/1–2
h/2–3 h/3–4 h/more than 4 h
1
How much moderate physical activity have you performed? * 2
How much vigorous physical activity have you performed? * 3
Cognitive
Have you been outside your house?
Yes/No 1
Have you eaten one or more meals outside of home?
Have you been to a shop?
Have you prepared your own food at least once?
Have you practiced an artistic pastime?
Have you read anything?
Social
How many people have you met?
Number (max 4)
3
How many people have you talked on the phone with? 2
How many people have you texted? 1
Have you been outside your house?
Yes/No
2
Have you been to a shop? 2








Have you eaten one or more meals outside of home?
Yes/No
1
Have you prepared your own food at least once? 1
How many times have you added sugar to anything you have eaten?
Number (max 4)
−1
How many times have you added salt to anything you have eaten or drunk? −2
How much water did you have? (unit: water glasses) 2
How many units of alcohol did you have? −2
How many times did you eat something during the day? 1
How satisfied were you when you stopped eating?
I ate too little/I was just
satisfied/I ate slightly too
much/I ate too much
3
Did you have more or less of each of the food








Meat, Fish and Eggs 2
What have you eaten? Complete meal/Lightmeal/Nothing 3
* These questions were asked 3 times a day, morning/afternoon/evening, or breakfast/lunch/dinner.
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The variables in the evolution dataset have been aggregated based on the coaching
dimension they belong to, in order to easily compare this dataset with the assessment
dataset which is also aggregated at the coaching dimension level. This grouping has been
conducted according to the weights assigned in Table 2 (selected empirically, according to
the know-how of the experts in the field) which represent the importance we give to each
variable within its dimension (if it is negative, the impact it has is negative). The qualitative
values were translated into quantitative ones (e.g., answers Yes/No were coded as 1/0).
In the questions where there are more than two possible ordered values for the answers,
the smallest value has been assigned the value 0, and the others have been assigned the
appropriate value considering their ranking order. With this information, the daily activity





wi ∗ ai (1)
where wi is the weight associated to the question (see Table 2), and ai is the answer index.
The i value ranks the questions of the coaching dimension.
2.1.4. Participants Clustering
In this section we present how participants were clustered in COLAEVA. First, we
detail the clustering method we have applied to form participant groups and second, how
we estimate the similarity between participants belonging to different groups.
Grouping
Based on the results of the initial assessment, participants are grouped so that different
groups can receive different recommendations, and members of the same group receive
similar recommendations. It is important that participants only receive information relevant
to their personal needs and goals.
In order to carry out the appropriate grouping, a hierarchical agglomerative clustering
method has been used [19]. That is, as a first step, we grouped the two most similar
participants, treating them as singleton clusters. Then the next two closest participants are
successively joined until the entire dataset is merged into one single group. To calculate
how close two groups are, we used the “average” method. This method estimates the
average distance between all possible pairs of elements each belonging to a different cluster.
By using this method, we can compare unipersonal distances with intergroup distances.
How to calculate the distance between two participants is explained in more detail in
Section Distance. This distance represents how similar two participants are, i.e., if the
distance is 0, the participants are identical, and the larger the distance, the more different
they are.
As a result of this iteration, we generated a dendrogram. The higher two partici-
pants/clusters meet on the graph, the larger the difference between them, and therefore
the more dissimilar they are. In selecting a dissimilarity threshold of our choice, we can
cut this dendrogram creating any number of clusters in which the various participants can
be grouped.
Distance
While carrying out clustering, participants are grouped according to a distance that
represents how similar they are. To calculate this distance, we have used the “weighted
Manhattan” [20] method for its proven capacity and good results reported in the literature
of the state of the art. With this distance the user can assign different weights to the
different variables according to the importance given to each variable. For example, if
the user wants to group the participants in terms of physical ability, given that the ability
to move relatively freely has a significant impact of the ability of a participant to retain
their independence [21], he/she can increase the weight of variables associated with the
physical aspect. A similar focus can be applied to each domain as required.
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Before distance estimation, the variables are standardized, so that one variable does
not have more weight than the others simply because it is measured in larger units. By
standardizing the data, all variables will have a mean of 0 and a standard deviation of 1,
making direct comparison possible. Moreover, when estimating the standard deviation
and mean used for standardization, outliers (estimated by Tukey method [22]) have been
removed so that they do not bias this standardization.
Let’s consider that we have u, v ∈ U where U is the group of participants, and ui
and vi represent the standardized values of the i-th variable i = {1, 2, . . . , n} of the
participants u and v respectively, where n is the number of variables. On the other hand,
there is w ∈ Wn where wi = {0, 0.5, 1, 1.5, 2} depending on the defined weight (very
low, low, medium, high, or very high) of each variable, we calculate the distance between





wi|ui − vi| (2)
COLAEVA provides sliders to specify these weights (see Figure 1) so that the users
can dynamically change the weights of all the variables associated with each coaching
dimension. Users can also adjust the weights of each of the variables in a more precise way
via a drop-down menu.
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2.1.5. Improvement Estimation
As described previously, two assessments are included in this dataset, representing
the participant status at both the beginning and the end of the data collection period.
With these two assessments we can extract the participants’ overall improvement, e.g., by
comparing the different results obtained at both timestamps. Moreover, we can determine
which of the participants have improved within specific coaching dimensions using only
the related variables.
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2.2. Data Visualization Charts
After processing the data as described in the previous section, it is ready to be used
in the visualization charts. In this section each chart in the COLAEVA tool is described
in detail.
2.2.1. Population Assessment Score Distribution Histogram
The first visualization in the platform is a general overview of the data (see Section 2.3.1).
Each variable is presented using a histogram chart showing two overlapped distributions,
blue for the first assessments and orange for the second. This visualization allows the user to
understand the distribution of the population scores for each assessment and to easily check
if there has been an overall change in a particular variable.
Figure 2 depicts the example of the MAI attribute (see Table 1). In this case in the first
assessment there are many participants with an MAI value between 5 and 5.3 whereas in
the second assessment the results overall are higher, which could indicate an improvement.
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2.2.2. Population Grouping Using Clustering and Dendrogram Visualization
As explained in previ s sections, the first ta k is to roup the participants based on
their results in the first assessment. Depending on the weights that the user defines for the
distances, the grouping will be different, as depicted in the dendrogram graph shown in
the COLAEVA interface. Figure 3 shows an example of the de drogram in whic there
is a general group (purple), a smaller group (light orange) and 8 other groups that are
composed of between 1 and 4 participants. These last groups can be considered as outliers
since they are very different from rest and constitute a small fraction of all the dataset, so it
is convenient to remove them from the insight extraction process carried out over the larger
groups. In the top part of Figure 3, a slider appears to select the dissimilarity threshold at
which the user wants to cut the dendrogram. Depending on the selected threshold value,
more or less groups will be created. Therefore, depending on what the user wants to study
(e.g., an exact umber f clusters), how close the user wa t to av the clusters from each
other (dissimilarity level) or depending on the shape of the dendrogram, a higher or lower
value will be chosen.
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In addition, this allows the user to visualize the variables associated with the different
fields on which the user chooses to focus. For example, Figure 5 depicts a use case where
the variables associated with the physical and cognitive are shown, however, the variables
associated with the nutritional dimension are not displayed (selected domains are displayed
at the top of the screen). The user indicates which coaching dimensions they would like to
see considered in the graph using the tool bar.
2.2.5. Individual Assessment Evolution Parallel Coordinate Chart
As discussed in Section 2.1.5, the participants’ change throughout the course of the
program is estimated by comparing results from the initial and final assessments. In Figure
6 we can see how this change is distributed in the axis’ values of each coaching dimension
through a parallel coordinates graph. The participants are designated with a color that
matches their cluster’s color. Thereby, users can visually identify patterns of improvement
(positive values) and worsening (negative values) associated with different clusters. The
graph is interactive so that users can change the order of the axes for better visualization
and selecting different visualization spaces for each axis. In the example presented in
Figure 6, the user has selected participants who have improved cognitively between 0 and
5 and nutritionally between 0 and 2.5. Upon restricting these parameters, visualization has
been reduced to only those participants who meet this requirement.
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2.2.6. Per Group Activities Compared with Assessment Evolution Line Charts
Finally, the most relevant graph we use allows us to extract recommendations for
program participants shows the effort made by the selected coaching dimension (Figure 7,
oint 4) throughout the program (x-axis, 150 d ys) for t e participants belonging to the
selected group (Figure 7, point 1). These participants are assigned with a color according
to whether they have improved or worsened based on comparative evaluations at the
beginning and end of the program in the selected dimension (Figure 7, point 5). The
color code is as follows: green—participants have improved; yellow—participants have
remained in the same state; and red—participants have worsened. A participant may
experience a decline in one or more coaching dimensions while simultaneously experienc-
ing mprovem nt in ano her. In addition, the degree of their imp ovement or decline i
each dimension is reflected using different shades of the assigned color. For example, a
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significant improvement would result in a darker green line whereas a slight decline would
generate a light red line.
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To simplify the graph by removing the noise throughout the dataset collection dura-
tion, the smoothing moving averages method is applied so that the graph delineates the
trend around each point instead of the raw value. Thereby, when selecting the “mean” in
the smoothing method (see Figure 7, point 3), the moving average method is used which
shows the average of “n” days around the selected day (this value of “n” can be selected
in Figure 7, point 2). This way the user sees the trend of each participant throughout the
dataset collecti n instead of each uniq e day which might result in a very noisy g aph.
Following th same approach, the maximum or minimum values can also be displayed,
which are selectable in Figure 7, point 3.
These parameters are for the user to adjust in search of meaningful patterns in the
graph (Figure 7) that can be directly translated into helpful recommendations.
2.3. Application
The COLAEVA application has been implemented using Python 3.7 [23] programming
language and an open-source web based application framework called Streamlit [24] that
facilitates the creation of web applications with complex i t ractive charts.
The application has two running modes: “Learning” and “Pro”. On the one hand,
in “Learning” mode all charts include explanatory texts, so that the application is used
more like a dynamic report and promotes learning how to use the tool. On the other hand,
the “Pro” mode hides all of the learning tips, delivering a more compact and efficient
visualization once the user has gained experience using the tool (in the “Learning” mode).
The application workflow is divided into two steps. In the first step, the user can
review the assessment data result distribution among the population using histograms,
organized by the coaching dimensions.
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In the second step, the user can distribute the population in different groups selecting
the relevance of each coaching dimension for the grouping, and evaluate the properties of
each group:
• Amount of people
• Assessment performance per coaching dimension
• Assessment evolution per individual
• Link between activities on each coaching dimension and the evolution in the assess-
ment data
2.3.1. Step 1: Review Assessment Data
This is the first page in which COLAEVA and the datasets used in the tool are described.
In addition, this section provides an overview of the various assessment datasets.
To portray the characteristics of the data in a simple way, a series of distribution
functions and histograms are graphed together to show the evolution of participant perfor-
mance between the initial and final assessment (see Figure 2). In addition, these graphs
enable the comparison of the two assessments. In addition, general patterns (in all partici-
pants) of improvement or worsening can be observed after follow-up. These graphs are
separated by the coaching dimension to which they are associated.
2.3.2. Step 2: Group Users and Study Evolution
This section is the core of the tool. It is comprised of two main steps: first, it groups
participants according to their similarities based on the first assessment, and second, it
analyses their activity throughout the program and the impact that this activity had on
improving or worsening in the different coaching dimensions (differentiating according
to the groups created in the first step). This step is widely illustrated in the next section
through a concrete use case.
3. Use Case
In this section we will provide a use case in which we employ COLAEVA for the
extraction of different insights.
Let us say that we are working with a group of older adults who are displaying signs of
cognitive decline. Although living independently, there is some concern that their cognitive
impairment may impact their ability to support their nutritional needs (e.g., forgetting
meal times or over-eating as previous meals are not easily remembered). We want to group
these participants giving more importance to nutritional and cognitive aspects, and less
to the physical. In this case we would set the weights of physical to “low”, meanwhile
cognitive, and nutritional are set to “high” as shown in Figure 8, point 1. After analyzing
the dendrogram (Figure 8, point 3) and the descriptive graphs (Pie chart, point 4 and Radar
chart point 5 in Figure 8) for the different possible dissimilarity levels (moving the slider in
Figure 8, point 2) we conclude that the best grouping is made with the dissimilarity level
of 0.98.
There are two main groups (see Figure 8, point 4), one (Group 0) with 52.7% of
the participants, and the other (Group 3) with 27%. The remaining seven are groups of
1–2 participants, so we can consider these participants as outliers, i.e., participants who
are very different from the rest. Therefore, we will focus on these two main groups to
look for patterns. To study how these two main groups differ, we focus on the radar
chart graph (Figure 8, point 6) and select the variables associated with the nutrition and
cognitive coaching dimensions (Figure 8, point 5), since these are the variables of interest
in this particular study. As can be seen in Figure 8, point 6, cognitively there is no evident
difference in the group averages, but there is an evident difference nutritionally. Upon
evaluation, we will consider that Group 2 has a good nutritional level whereas the opposite
is the case for Group 0.
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Figure 8. A use-case in Pro ode and Step 2, part Group users.
Once we have defined the main groups and their characteristics, we want to se if
there is y evi ent difference in improvement betwe n the clu ters. Upon analyzing the
allel coordinat s, we have not found ny ge eral pattern, but we have found diffe nt
cluster b haviors when analyzing the evolution graphs.
On the one hand, in Group 0, where a main characteristic was the low nutritional
level, we have seen that when the particip nt maintains a good/high nutriti nal level
throughout the program, they demonstrate an improvement physically at the time of
the second assessment. This is evident in Figure 9, where the nutritional activity of the
participants of Group 0 is shown throughout the program, colored according to the physical
improvement: there are a few participants in this cluster who have worsened physically,
colored in red, who are generally lower in the graph (i.e., they have had generally lower
nutritional activity during the program) than the rest who are green colored (those who
have improved physically). This suggests that not only does nutritional coaching improve
the eating habits of this group, but it also has a positive impact on their activity levels. Taken
together, the results for the participants in this group indicate that the changes they have
made in response to the coaching supports their ability to maintain their independence.
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On the other hand, in Figure 10 we show the same graph but for participants in
Group 3, where the initial nutrition level was higher. In this case, we do not see the
same improvement in physical activity as was found in Group 0. This suggests that these
participants were already maintaining good levels of nutrition which positively support
their physical abilities. As a result, concentrating on nutritional coaching for this group
is unlikely to have signific nt benefits. The intervention (goals) for this group s ould be
adjusted so that they focus on areas in which the participants have more to gain.
In the graphs of Figures 9 and 10 we can see the usefulness of grouping patients
first, since different recommendations are obtained depending on the group to which they
belong. On the other hand, we also have the possibility to analyze the overall pattern
as shown in Figure 11. Although social-related assessments were not a feature of study
underpinning this use case, it is possible to see a general pattern in which people who
have maintained higher social activity have improved physically, especially if the higher
social level has been maintained throughout the entire duration of the program. Again,
this illustrates the value of being able to cluster participant change over time in each of
the domains.
To sum up, in this section we have described how the tool can be used and some
insights that can be extracted with the current data. It is expected that the amount of data
will grow as more users participate in this program and therefore the insights that will be
extracted will be more robust.
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To sum up, in this section we have described how the tool can be used and some 
insights that can be extracted with the current data. It is expected that the amount of data 
will grow as more users participate in this program and therefore the insights that will be 
extracted will be more robust. 
4. Usability Test 
We have conducted a formal usability test with a set of test subjects matching the 
target tool user profiles as has been done in the literature for similar platforms [25,26]. 
These individuals had no prior experience with the tool to avoid bias in their evaluation 
of COLAEVA. They were involved in the follow-up of the participants in the CAPTAIN 
program, so they had expertise in coaching interventions and systems. We will refer to 
these test subjects with whom we have conducted the usability test as “subjects“ through-
out the study, in order to maintain consistency in the terminology and to differentiate 
them from the older adult participants. 
The usability test has been carried out with 9 subjects. This number is considered 
higher than the recommended by the usability experts to maximize cost/benefit ratio of 
evaluations [27], as 5 subjects can identify 80% of the problems in a software application 
[28]. 
4.1. Interview Design 
The usability test was conducted with nine subjects (1 male and 8 female). Most sub-
jects were either psychologists (3) or researchers (3). There was also a physician, an assis-
tant professor, and a university lecturer. Most were between the ages of 25–40 (6) some 
between 40–50 (2) and one between 50–60. In addition to the usability test, as an initial 
step, we collected demographic information about each subject’s level of exposure to dig-
ital technologies to better evaluate the final results according to their expertise. These 
questions are summarized in Table 3 with their respective answers sorted in decreasing 
order to prevent possible identifications. 
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4. Usability Test
We have conducted a formal usability test with a set of test subjects matching the
target tool user profiles as has been done in the literature for similar platforms [25,26].
These individuals had no prior experience with the tool to avoid bias in their evaluation
of COLAEVA. They were involved in the follow-up of the participants in the CAPTAIN
program, so they had expertise in coaching interventions and systems. We will refer to these
test subjects with whom we have conducted the usability test as “subjects” throughout the
study, in order to maintain consistency in the terminology and to differentiate them from
the older adult participants.
The usability test has been carried out with 9 subjects. This number is considered
higher than the recommended by the usability experts to maximize cost/benefit ratio
of evaluations [27], as 5 subjects can identify 80% of the problems in a software applica-
tion [28].
4.1. Interview Design
The usability test was conducted with nine subjects (1 male and 8 female). Most
subjects were either psychologists (3) or researchers (3). There was also a physician, an
assistant professor, and a university lecturer. Most were between the ages of 25–40 (6)
some between 40–50 (2) and one between 50–60. In addition to the usability test, as an
initial step, we collected demographic information about each subject’s level of exposure
to digital technologies to better evaluate the final results according to their expertise. These
questions are summarized in Table 3 with their respective answers sorted in decreasing
order to prevent possible identifications.
Table 3. Participant’s exposure to digital technologies. Answers are sorted in decreasing order.
Id Questions Sorted Answers Mean (std)
Q1 Average computer usageper week in hours 60 60 50 50 50 40 35 30 10 42.8 (16)
Q2 Level of computer literacy 5 4 4 4 4 4 3 3 3 3.8 (0.67)
Q3 Familiarity with visualanalytics applications 4 4 4 3 3 3 3 2 2 3.1 (0.8)
As can be seen in Table 3, Q1, most of the subjects are regular computer users (more
than half of them spend more than 50 h per week on a computer, three between 30–40 h per
week and finally one with low usage with around 10 h per week, with a mean of 42.8 h). In
general, according to the answers given to Q2 all subjects seem to be competent computer
users. In addition, answers to Q3 show a common standard knowledge of visualization
applications. Based on these results, it is expected that the subjects will face no major
difficulties interacting with the tool.
Interviews began with a brief overall description of the CAPTAIN project as well as
the purpose of the tool and the interview. After the introductory explanation, they were
instructed on how to use the tool and the features were explained in extensive detail along
with an example for better understanding. After this process, subjects were invited to take
control of the tool with the purpose of understanding the older adult population data and
propose their own recommendations for the older adult groups. During the interview, sub-
jects were encouraged to follow the Think-Aloud Protocol (TAP) [29] while they interacted
with the application freely to better understand the cognitive processes that contributed to
their decisions. They were encouraged to ask questions and communicate any insight they
were able to identify while playing with the tool. As mentioned in the usability test finding
section and, in the discussion, these last two approaches have allowed us to analyze the
usefulness of the tool in greater depth and identify possible improvements.
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After having used the application for about 15 min, subjects were invited to conclude
the test by filling out a final questionnaire. This comprised of a combination of the System
Usability Scale (SUS) [30] and a set of custom questions to collect feedback about the
tool’s features and insights obtained from the older adult population data depicted in the
application. Section 4.2 will review all the answers given to the SUS questionnaire while
the answers to the custom questions will be assessed in Section 4.3.
4.2. SUS Questionnaire
The SUS score evaluates the effectiveness, efficiency, and overall ease of use of the
platform. The collected answers are shown in Table 4.
Table 4. SUS questionnaire’s answers sorted in decreasing order.
Id Questions Sorted Answers Mean (std)
Q1 I think that I would like to use thisapplication frequently 5 4 4 4 4 4 4 3 3 3.9 (0.6)
Q2 I found this applicationunnecessarily complex 4 4 3 2 2 2 2 2 1 2.4 (1)
Q3 I thought this application was easy to use 5 5 4 4 4 4 4 3 3 4.0 (0.7)
Q4 I think that I would need assistance to beable to use this application 4 4 3 3 3 2 2 2 1 2.7 (1)
Q5
I found the various functions in this
application were well
integrated
5 5 5 4 4 4 4 4 3 4.2 (0.67)
Q6 I thought there was too muchinconsistency in this application 3 3 2 2 2 2 1 1 1 1.9 (0.78)
Q7 I would imagine that most people wouldlearn to use this application very quickly 4 4 4 3 3 3 3 3 3 3.3 (0.5)
Q8 I found this application verycumbersome awkward to use 2 2 2 2 2 1 1 1 1 1.6 (0.52)
Q9 I felt very confident using thisapplication 4 4 4 4 4 4 4 3 2 3.7 (0.7)
Q10
I needed to learn a lot of things
before I could get going with this
application
5 3 2 2 2 2 1 1 1 2.1 (1.27)
Q0 SUS general estimation (mean 71.1) 82.5 77.5 77.5 75 72.5 72.5 72.5 62.5 47.5 71.1 (10.4)
For the SUS test shown in Table 4, the tool obtained an average score of 71.1, which
corresponds to the “Good” qualification according to the SUS mapping [30]. If we analyze
the scores per subject, two reported low values (Q0 47.5 and 62.5) which were considered
to be nearly acceptable according to Brooke’s estimation [30]. Nevertheless, the rest of the
subjects reported good performance in terms of effectiveness, efficiency, and overall ease of
use. What is more, one subject reported excellent performance (Q0 82.5).
If we were to perform a deeper analysis, we could conclude that most of the subjects
consider that they would use this application in a real-world scenario (In Table 4 for Q1,
the majority are 4 with some answers above and below). And likewise, subjects generally
agree that it is an easy-to-use application (Q3, mean 4).
Responses were very good in terms of the integration of different components of the
platform (Q5, mean 4.2), and lack of inconsistencies (Q6, mean 1.9). COLAEVA is perceived
as very comfortable to use (Q8 all responses between 1–2, mean 1.6). In terms of confidence
in its usage overall there is a good response (Q9, mean 3.7).
However, although most subjects feel that it has low complexity, there are two subjects
who do consider the tool unnecessarily complex (Q2) and who believe that they would
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need support in using it (Q4). Most subjects believe that they would not need to learn
many concepts before using the platform, although there is one subject who thinks they
would need to learn a lot and another one who thinks they would need to learn something
(Q10, most with values 1–2, one with a 5 and one with a 3). This may occur due to the
mathematical methods employed by the tool. Understanding these methods requires that
the user has a certain background and knowledge base within this field even though the
results are being shown in the simplest possible manner. However, it is expected that with
the recurrent use of the application, subjects will understand these methods, making the
application more accessible for them over time. In any case, results show that in general
subjects believe that people would quickly learn how to properly use COLAEVA.
4.3. Personalised Questionnaire
In this section we present the responses to the questions that specifically evaluate the
platform, which were complementary to the previously presented SUS questionnaire. In
Table 5 we show these questions and their answers. These questions were designed to
assess specific features of COLAEVA.
Table 5. Personalized questionnaire’s answers sorted in decreasing order.
Id Questions Sorted Decreasingly Mean (std)
Q1 I think that the way users are grouped iseasy to understand 5 5 5 5 4 4 4 4 4 4.4 (0.53)
Q2
I find that the graphs really help me
differentiate clearly groups of
similar users
5 5 5 5 4 4 4 4 2 4.2 (0.97)
Q3
I think this application shows
valuable graphs to better
understand the user’s evolution
5 5 4 4 4 4 4 4 4 4.2 (0.44)
Q4
I think that I would use this
application in my daily basis routine job
if I would need to follow up the health
status of older adult people
5 5 5 4 4 3 3 3 2 3.8 (1.09)
In Table 5 we can observe that the tool obtained a high score for the first question
(Q1, mean 4.4), meaning that subjects obtained a very good understanding of how the
grouping of older adults is performed in the platform. Similarly, almost everyone believes
that the graphs help to properly differentiate the groups created with the application (Q2).
As for the evolution graphs, the results were also very high, with all the answers being 4 or
more (Q3). For the last question (Q4), even if there was less agreement among subjects, the
average result was good (3.8).
4.4. Usability Test Findings
In general, the feedback received in the usability test indicates that the tool has been
well received by the subjects and that they find it useful, although there were a couple of
subjects who felt less comfortable using the platform. In general, there were very good
results regarding the presentation and usability of the application. In contrast, results
relating to the understanding of some functionalities were lower. This may be due to some
mathematical features that we have introduced, that in principle may be more difficult
to understand. In addition, the handling of real-world data sometimes complicates the
graphs, causing them to be complex to interpret. This was specifically highlighted thanks
to the think-aloud protocol. Subject narratives demonstrated that they found the parallel
coordinate was difficult to understand.
It has also been found that it is a platform with a learning curve. Subjects commented
that it is not a platform that anyone can just pick up and start using without any explanation,
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but that it requires an adequate explanation and a bit of time to learn how to use it properly.
The “Learning mode” is provided to address each of these issues, so that when the user does
not know about some of the COLAEVA functionalities, they can easily access a detailed
explanation. In this usability test, due to time limitations, the subjects were not able to
spend much time using this feature, but it is expected to improve users’ understanding of
COLAEVA. Once all the steps were understood, it has been generally commented that it is
very useful in the field for which it has been designed.
The response to the platform-specific questionnaires showed very good results and
the subjects appreciated the way the data is exploited, how participants are grouped and
how the platform reveals insights about participant clusters. Subjects were able to see how
the use of the platform could support the design of tailored coaching interventions for
specific categories (clusters) of participants.
5. Discussion
In this study we have contributed to the extraction of recommendations for the
coaching of older adults to improve their quality of life. To do this, we have developed
COLAEVA which makes use of retrospective data, machine learning and visualization
techniques for recommendation extraction. Although through the usability test, we have
seen that the COLAEVA platform alone has a strong utility, its utility improves within the
H2020 CAPTAIN project, the context in which it has been developed. Within the CAPTAIN
project, COLAEVA focuses on supporting the caregivers when creating the personalized
coaching plan for the program participants and it focuses on specific domains (Nutritional,
Physical, Cognitive and Social) that are addressed by the CAPTAIN project. A caregiver or
older adult family member can access COLAEVA tool in order to gain insights that can
help them (1) choose the most appropriate coaching plan and goal for the older adult, (2)
create an entirely new coaching plan adapted to a specific cluster of users, (3) adapt an
existing plan to the users’ current needs.
Currently the tool can be used to support caregivers in designing coaching plans for
each participant, but ideally, it would generate different participant-profiles (clusters) and,
automatically propose recommendations for each different cluster. However, this step
requires a larger database to make these recommendations more robust and generalizable.
This is a problem already identified in the current study and can be addressed properly in
future studies collecting larger datasets as COLAEVA tool can easily support the addition
of new datasets. Existing literature [31] analyzes also coaching patterns used for older
populations and should be carefully considered for the automatic generation of coaching
plans. A coaching plan should reflect both the participants needs, as addressed by their
data in COLAEVA, but also include the view of professionals. For that reason, COLAEVA
is envisaged as a decision support tool for caregivers that want to create coaching plans for
older adults. COLAEVA tool can correspond to the “Goal Setting of Target Wellness-Status”
tool proposed in the holistic electronic coach (eCoach) model by Gerdes et al. [32] that aims
to take into account professional guidelines, existing knowledge from user and the user’s
needs and preferences in the creation of a goal plan.
In addition, there are still some areas where we can improve COLAEVA’s capabilities.
For example, in the usability test, a subject realized that as soon as a participant enters
and begins to follow the given recommendations, he/she may change clusters (they can
improve in an assessment, so they would change cluster and hence, would better fit the
updated recommendations). Given this possibility, ideally these participants would be as-
sessed more often and would therefore receive the best possible updated recommendations.
Finally, it was clear from the examples presented, that not all participants can be
allocated to clusters. These have been referred to thus far as outliers. These outliers reflect
participants who do not conform to the general patterns of behavior across the domains of
interest that are often the ‘noise’ in the data and discounted when analyzing all participants
in a dataset. In fact, these are often the participants with more complex behavioral interac-
tions across domains that require personalized assessment and interventions in order to
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achieve successful outcomes. The COLAEVA tool quickly identifies who these participants
are. Given that interventions can be easily and quickly tailored for participants in the dom-
inant clusters, this leaves researchers with more time to focus on tailoring interventions
for these more ‘different’ individuals. Taking this a step further, for example into clinical
practice, means that the COLAEVA tool could provide clinicians with the ability to easily
tailor intervention programs to suit the needs of the individual.
6. Conclusions
This paper presents COLAEVA: CAPTAIN—older adult evolution analysis, devel-
oped for caregivers to manage virtual coaching for older adults, focusing on (a) assessing
the effectiveness of personalized coaching plans (b) identifying missing aspects requiring
coaching in the population thereby supporting the design of specific coaching plans follow-
ing a fair-comparing approach and (c) suggesting coaching plans to users based on past
experiences of other users.
The combination of the first feature of grouping users with semi-supervised classifica-
tion methods with the second feature of evolution charts has proved to be useful in the
example we have analyzed. In this example we have seen that the participants who a priori
have a low nutritional level are likely to improve physically if they maintain a high quality
of nutrition (see Section 3). In addition to this combination, we have seen that the evolution
graph is able to extract insights on its own without previously grouping the participants
(i.e., using all participants). For example, patients who maintain a high socialization level
also improve physically, especially if this high social interaction is maintained shortly
before the second assessment (Figure 11).
A usability test has been performed to assess the usability and capacities of COLAEVA.
With this usability test, we have concluded that the tool has been very well received es-
pecially for its simplicity and the way in which it displays the graphs. As a drawback,
several users have reported a learning curve which, in our opinion, could be due to the
complex methods it makes use of. Consequently, it is not straightforward to properly
accomplish all the steps required to extract recommendations without having previously
acquired a certain amount of expertise. For this reason, some of the users have felt that they
would need assistance to properly use the tool and would need to better understand a few
concepts before they could use it correctly. These concerns can be addressed through the
provision of detailed use cases with supporting audiovisual illustration of how to use CO-
LAEVA to understand how the use case data can support decision-making. Nevertheless,
a good (according to the thresholds defined by Brooke [30]) SUS score has been achieved
considering the complex techniques it deals with. As for the platform-specific questions,
they have been very positive and test subjects generally found the platform to be useful.
In conclusion, positive feedback and constructive recommendations for the future
have been obtained from the platform so that we can improve the platform. A possible
improvement would be to increase the number of clusters or to change the radar chart
graphic for a simpler one. In general, it is expected that the implementation of these
recommendations in combination with a higher number of participants would lead to a
tool that could ultimately be integrated into the caregivers’ daily routine. Furthermore,
the ease with which it can cluster participants and identify those outliers that require
more detailed attention, demonstrates the value that the tool can bring to clinical research
and practice.
7. Future Work
At this point, we have defined some next steps. First, we have the possibility to
improve some technical aspects of the tool itself based on the findings of the usability
test. For example, as we have commented in the discussion, the parallel coordinate was
found to be difficult to understand by those who are not used to working with this type
of visualization, therefore, we will study if other graphs are more suitable to display
that information. Secondly, we see the need to increase the number of participants to
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extract more robust and generalizable recommendations in order to ratify and compare
our results with the recommendations of the state of the art [31,33]. Therefore, we will look
for new potential participants to increase the database. Moreover, we consider including,
in addition to graphical evidence, statistical tests for group comparisons, outlier detection,
etc. Finally, we aim to use COLAEVA (in the scope of CAPTAIN) with real people, so that,
those being supported to live independently by family, friends and formal caregivers, in
order to improve their situation and to support them to live well at home for longer.
Furthermore, in future versions of COLAEVA tool, data from real-life monitoring
inside a home from CAPTAIN system, can be added. These data are collected in a way to
correspond to the ones fed in COLAEVA tool and can be used for creating new coaching
plans or to adapt the existing ones in order to respond to changes in users’ behavior and
adapt to the behavior change curve.
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Appendix A. Study Design
Appendix A.1. Study Details
CAPTAIN inventory study for the creation of an experimental dataset: a parallel study
in four European pilot sites (see details in Figure A1).
Starting date: February 2019
Study duration: 5 months
The study was promoted by the CAPTAIN European Project Consortium.
The local project partner acted as promoter of the study at its pilot site.
Pilot sites:
• APSS, as a member of the CAPTAIN European Project Consortium, was the promoter
of the study at the AUSILIA pilot site in Trento, Italy
• AUTH, as a member of the CAPTAIN European Project Consortium, was the promoter
of the study at the Thess-AHALL pilot site in Thessaloniki, Greece
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• DCU, as a member of the CAPTAIN European Project Consortium, was the promoter
of the study at the DCU pilot site in Dublin, Ireland. DCU were also instrumental in
the development of the protocol in collaboration with J.K., A.B. and R.A. including
the selection of measures for the collection of daily data from CAPTAIN participants.
Pilot centers and local principal investigators:
• AUSILIA living lab at the Rehabilitation Center Villa Rosa, Pergine Trento: dr. Gio-
vanni Guandalini, MD, head of AUSILIA LL.
• Thess-AHALL living lab at the School of Medicine, Aristotle University of Thes-
saloniki, Greece: Panagiotis D. Bamidis, Associate Professor, School of Medicine,
Aristotle University of Thessaloniki
• DCU living lab at the School of Psychology, Dublin City University, Dublin, Ireland:
Dr Louise Hopper, Principal Investigator, School of Psychology, DCU.
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dering methods that were unsuitable for CAPTAIN. As a result, it was crucial for software 
development to capture and have access to raw data and original datasets, in order to 
efficiently implement the software solutions, and especially Artificial Intelligence (AI) al-
gorithms that represent the core of the CAPTAIN coach functionality. 
Although only limited publicly available datasets existed at the time of study initia-
tion, a recognition among CAPTAIN partners evidenced that a sufficient body of sensor-
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Appendix A.2. Rationale for Data Collection
According to CAPTAIN DoA (769830), tasks T7.3 was devoted to accommodate
the production of experimental datasets, early enough in the project, for speeding up
algorithms development through small scale pilot trials. A set of activities were indeed
propaedeutic to the software development and implementation activities related to two
crucial project working packages: WP4 ( on-invasive user and environment sensing) and
WP5 (CAPTAIN Coach behavior design a d AI a gorithms). The existenc of non-artificial
data was mandatory f r effective development and the subsequent fi e-tuning of
software-related co ponents. Moreover, the need for data was further augmented by
the fact that only limited publicly available corpora exist, incorporating data capturing
and rendering methods that were unsuitable for CAPTAIN. As a result, it was crucial for
software deve opment to capture and have access to raw data and original datase s, in
order to efficiently implement the software solutions, and especially Artificial Intelligence
(AI) algorithms that represent the core of the CAPTAIN coach functionality.
Although only limited publicly available datasets existed at the time of study initiation,
a recognition among CAPTAIN partners evidenced that a sufficient body of sensor-related
datasets was already available within the CAPTAIN consortium. On the contrary, the con-
sortium identified the need to collect new datasets for better describing several dimensions
of senior’s life (senior’s habits) that can be impacted by the CAPTAIN technology. The
following dimensions are, indeed, part of the CAPTAIN coaching objectives:
• Nutrition: is the intake of food in relation to the body’s dietary needs. A good nutrition
should be assessed both in terms of quantity and quality of nutritional habits and
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should be balanced with the physical needs of the person. A poor nutrition can lead
to health problems, physical and mental.
• Social interactions: is a social exchange between two or more individuals, is the way
people talk and act with each other, face to face, via telephone or internet etc. Lack of
social interaction could lead to health problems.
• Physical activity: any form of physical exercise, any movement of the body that
requires energy expenditure. Physical activity includes exercise and other activities
which involve bodily movement such as walking, running, playing, working, house
chores, climbing stairs, etc.
• Cognitive activity: a series of activities of daily living (ADL) performed by individuals
on a daily basis for self-care, such as eating, bathing, dressing, doing housework, and
leisure, like shopping or meeting with friends/family.
Appendix A.3. Aim of the Study
Creating a library of case studies describing seniors’ habits in terms of nutrition, social
interaction, physical activity and ADLs, across a relatively long period of time (about five
months) in order to properly develop and train artificial intelligence algorithms required
for the CAPTAIN coaching component.
A prospective observational study involving older adults’ volunteers was therefore
conducted in parallel at the three different European pilot sites mentioned above.
Appendix A.4. Criteria for Recruiting Participants
Participants were recruited among the stakeholders’ network of the AUSILIA living
labs of APSS in Trento (Italy), DCU living lab in Dublin (Ireland) and Thess-AHALL living
lab of AUTH in Thessaloniki (Greece).
The following inclusion/exclusion criteria were considered for recruiting participants:
Inclusion criteria:
• Age above 60 years,
• Lives in his/her home,
• Willingness to collaborate on a voluntary basis to the study for 5 months period
• Signing of consent to study participation and data treatment (conferring collected data
to an open access database is optional and do not imply exclusion from the study),
• Can self-understand and give consent to participate in the study.
Exclusion criteria:
• Live in a long-term facility,
• Needs for a caregiver assistance for more than 4 h/day;
• Self-report major psychological, nutritional, cognitive and psychiatric disorders.
• Has a normalized MoCA score < 26.
Note: MoCA score should be considered after normalization for each involved country
(e.g., [35]).
Appendix A.4.1. Sample Size
According to indications obtained from the project technical partners responsible for
implementing AI algorithms and to the expected availability of participants complying
with the I/E criteria of the study among the local Living Labs networks, a total of 60
participants were planned to be recruited at the three pilot sites. Considering a potential
10% drop out due to possible poor compliance in filling self-report forms for the five
months period, the total number of participants to be enrolled was set to n = 66, meaning
22 persons per participating pilot site, see Table A1.
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Table A1. Target end-user involvement per group and per pilot center.
Pilot Site Geographical Location Participants to Enrol
AUSILIA living lab at the Rehabilitation
Center “Villa Rosa” Trento, Italy 22
Thess-AHALL living lab at the Medical
School, Faculty of Health Science, Thessaloniki, Greece 22
DCU living lab at the School of
Psychology, Dublin City University, Dublin, Ireland 22
Total participants 66
Appendix A.4.2. Timing
Participant recruitment was started in February 2019 and ended approximately at the
end of June 2019. Participants were thanked for their contribution and discharged after
having provided data over a period of 5 months.
Appendix A.5. General Methodology
The data acquisition procedure consisted in:
• Participant self-reporting through diary keeping during the full period of participation.
Data collection through self-reporting tools (diaries) has been identified as the most
promising and effective strategy for obtaining an extended database of senior habits
on nutrition, social interaction, physical activity and ADLs. Compliance of each
participant in self-reporting through daily diaries was monitored across the whole
data collection period and alternative strategies were proposed to participants that
cannot provide a pre-defined minimum amount of information.
• Small scale interview sessions with validated and custom questionnaires at the begin-
ning (participant enrollment) and end (participant discharge) of the data collection
period. Interview and structured questionnaires were used as complementary tools to
profile the participants at enrollment and to investigate if major events occurred during
the data collection period that could imply major changes in the senior habits. Ques-
tionnaires were retrieved from literature, medical associations, or previous research
experiences conducted by CAPTAIN partners.
Appendix A.6. Documentation for Participants
Appendix A.6.1. Plain Language Statement
The Plain Language Statement (PLS) is the explanation of the CAPTAIN project and
participation in that project at a language level that the participants can understand, accord-
ing to their cognitive, educational, or cultural level, such that they can fully understand
the project goals. It detailed what their participations implies, what they need to do, and
potential benefits and risks. It provided reassurance on confidentiality of the data, how
data will be processed and treated, their rights as participants to voluntarily participate
and withdraw, and who to contact in terms of doubts or concerns about the study or their
involvement in the study. The candidate participant was informed that a MoCA test was
administered just after the enrolment. In case the normalized MoCA score was <26, the
participant cannot participate to the data collection and was immediately dismissed since a
MoCA higher or equal to 26 was a requirement for participating to the study.
The plain language statement was provided to the participant in his/her mother tongue.
Appendix A.6.2. Consent Forms
Two differentiated consent form variants were provided to each participant.
First, Consent form for participation that focused on getting the participant’s approval
to participate in the project stage for which he was required and that was described in the
accompanying plain language statement.
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Second, participants were given a detailed Consent form for data sharing with the
description of data that were collected, how these data were obtained, how these data were
protected, and a checklist of the different kinds of gathered data so that the participants
decided which type of data they wanted to share or not.
A specific checkbox was provided in order to collect the participant decision about the
possibility of including his/her data in an open access database after full anonymization.
Both the consent forms were provided to the participant in his/her mother tongue.
Signed consent forms were collected at enrolment by each participant and stored
under the local principal investigator responsibility.
Appendix A.7. Criteria for Discounting Participation
A participant may voluntarily elect to discontinue participation in the study at
any time.
Moreover, if, at any time, the investigator determined it is not in the best interest of
the participant to continue in the study, the person was excluded from the study, providing
written justification in the Participant exclusion form.
If the participant failed to follow the procedures of the study, providing lower compli-
ance in self-reporting information about his/her habits as per study protocol, the investiga-
tor may discontinue participation in the study and documented it in the study file.
The reason for removal of a participant from the study after the enrolment was always
documented on the specific Participant exclusion form.
Appendix A.8. Participant Economic Implications
Participation in the study was voluntary. The study had a pure observational nature,
and no treatment was associated with the participants enrolled in the study. Namely,
participants were invited not to modify their lifestyle and habits in order to provide
representative dataset.
Given the observational nature of the study, no additional costs were associated to the
participation. Any cost associated to material (paper forms) and communication (phone
call, text messages) specifically related to the participants’ procedures were not charged to
the individual and were sustained by the local pilot site. Pilot sites could autonomously
decide to introduce various type of motivational tools according to local needs, ranging
from smartphones and electronics devices to facilitate participants in filling on-line forms,
to reimbursement for transfer from and to the living lab (e.g., taxi fee, public transport
tickets, etc.).
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